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Deep Learning Stock Price Forecasting Method Based on Plate Effect

Li Qingtao, Lin Peiguang,Wang Jihou,Zhou Jiagian,Zhang Yan,Jian Muwei
(School of Computer Science and Technology, Shandong University of Finance and Economics, Jinan 250014, China)

Abstract: As an important research direction in the field of financial forecasting,accurate prediction of stock price rise and
fall can help investors to make profits or stop losses in time. It has been found that certain factors( such as policies, social
emergencies ) can have an impact on the prices of multiple stocks in the same sector, resulting in similar movements of
multiple stocks in the same sector in a certain period of time,i.e. the sector effect. Therefore,the price trends of multiple
stocks under the same segment are useful for stock forecasting. To address this phenomenon,a deep learning stock price
trend prediction method based on the plate effect is proposed. Firstly, the Pearson correlation coefficient and XGBoost
algorithm are used to analyze the closing prices of many stocks in the same sector so as to screen out the stocks with high
correlation with the predicted stocks. Then,the autoencoder is used to reduce the dimension of the closing prices of these
stocks,so as to extract the price trend of the stocks. Secondly,a hybrid deep learning prediction model based on convolu-
tional neural network and long short-term memory network is constructed. One-dimensional convolutional neural network is
used to extract the features of input data,and LSTM network is used to predict stock prices. The model uses stocks in four
sectors , namely, banking, pharmaceuticals, alcohol, and entertainment media, as the experimental data set. In order to
improve the prediction effect of the model ,the number of neurons of the LSTM network is simply analyzed by random search
to select the better number of neurons. Finally, the experimental analysis shows that the deep learning prediction model
based on the same board dataset has good prediction effect.

Key words : characteristics of the same industry stocks,XGBoost,stock prediction, LSTM , deep learning
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Table 2 Table of experimental results

MAE MSE RMSE R?
Our model 0.020 6 0.001 0 0.032 2 0.966 0
PCA-LSTM 0.022 6 0.001 3 0.036 6 0.958 2
ERATHR R Attention-LSTM 0.022 7 0.001 2 0.034 4 0.958 9
(P ERAT) LSTM 0.022 7 0.001 4 0.036 9 0.956 3
CNN 0.023 4 0.001 4 0.037 8 0.951 6
MLP 0.033 0 0.002 0 0.044 6 0.936 5
Our model 0.072 2 0.009 0 0.094 8 0.864 2
PCA-LSTM 0.088 7 0.014 4 0.119 8 0.754 2
FRATHR R Attention-LSTM 0.089 3 0.010 9 0.104 5 0.846 8
OER#BAT) LSTM 0.092 5 0.013 9 0.117 8 0.778 8
CNN 0.136 7 0.026 2 0.161 9 0.546 3
MLP 0.106 9 0.016 4 0.128 1 0.741 9
Our model 0.120 1 0.029 2 0.170 9 0.903 2
PCA-LSTM 0.150 7 0.042 8 0.206 8 0.853 9
IR ARG IR R Attention-LSTM 0.132 1 0.034 9 0.186 9 0.885 8
(KAL) LSTM 0.151 8 0.042 5 0.206 2 0.852 6
CNN 0.153 9 0.045 9 0.214 2 0.845 7
MLP 0.143 5 0.037 1 0.192 7 0.874 7
Our model 0.477 7 0.436 9 0.661 0 0.987 2
PCA-LSTM 0.509 5 0.580 6 0.762 0 0.984 7
IR ARG AR B Attention-LSTM 0.523 2 0.580 0 0.761 6 0.983 6
€ =2iga ) LSTM 0.647 7 0.952 2 0.975 8 0.974 5
CNN 1.034 8 2.050 3 1.4319 0.937 7
MLP 0.752 2 1.217 4 1.103 4 0.964 4
Our model 0.270 6 0.156 2 0.395 2 0.911 1
PCA-LSTM 0.301 2 0.178 5 0.422 5 0.889 8
[z 2 A7 Attention-LSTM 0.301 3 0.185 3 0.430 5 0.891 3
(LigEEZy) LSTM 0.307 2 0.176 3 0.419 9 0.900 0
CNN 0.349 9 0.249 4 0.499 4 0.850 5
MLP 0.350 0 0.240 7 0.490 6 0.855 9
Our model 0.912 3 1.410 0 1.187 4 0.957 7
PCA-LSTM 0.913 7 1.549 2 1.244 7 0.946 8
ENIZEES Attention-LSTM 1.020 4 1.842 8 1.3575 0.937 5
(75 5 535 ) LSTM 1.046 7 2.010 3 1.4179 0.934 5
CNN 1.020 9 1.988 3 1.410 1 0.929 3
MLP 1.153 0 23133 1.521 0 0.927 6
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